Background. Cholera is a public health problem worldwide, and the risk factors for infection are only partially understood. Methods. We prospectively studied household contacts of patients with cholera to compare those who were infected to those who were not. We constructed predictive machine learning models of susceptibility, using baseline gut microbiota data. We identified bacterial taxa associated with susceptibility to Vibrio cholerae infection and tested these taxa for interactions with V. cholerae in vitro.
Vibrio cholerae causes millions of cases of acute watery diarrhea every year, and our understanding of susceptibility to the disease remains incomplete [1] . Cholera occurs in both endemic and epidemic patterns. In both instances, multiple symptomatic and asymptomatic V. cholerae infections within a household are common [2, 3] . Transmission events within a household may occur through shared sources of contaminated food and water or through fecal-oral spread [4, 5] . Observational studies have identified host factors that correlate with susceptibility to V. cholerae infection, including young age, blood group O status, variants in genes of the innate immune system, and lack of preexisting immunity [2, 3, [6] [7] [8] . Nevertheless, these risk factors only partially explain the variation in clinical outcomes seen following exposure to V. cholerae [3, 6] .
Human gut-associated bacterial communities (microbiota) may be another risk factor for enteric infections, including cholera. A case-control study of children in sub-Saharan Africa and southern Asia suggested that select bacterial taxa naturally occurring in the gut are protective against Shigella-induced diarrhea, and predeparture microbiota sampled in travelers showed that a specific microbial profile is associated with risk of Campylobacter infection [9, 10] . Animal studies have identified potential mechanisms by which commensal microbes might resist invading pathogens, including competition for nutrients or sites of adherence [11, 12] and stimulation of host epithelial cell defense [13, 14] . Cocolonization of gnotobiotic mice with V. cholerae and Blautia obeum (formerly named "Ruminococcus obeum") [15] , a bacterial taxon enriched in human gut communities recovering from cholera, disrupts Vibrio virulence signaling pathways [16] . Further research on the relationship between human gut bacterial communities and V. cholerae is likely to advance our understanding of cholera pathogenesis and may lead to the development of novel interventions for disease prevention.
To test the role of the gut microbiota in susceptibility to V. cholerae infection, we prospectively evaluated household contacts of patients with cholera in Dhaka, Bangladesh. This cohort was uniquely designed to enable sampling of individuals prior to infection, and we have previously used it to define clinical and epidemiological risk factors for cholera [2, 3, 6, 17] . Here, we report that the baseline microbiota of household contacts can be used to predict susceptibility to V. cholerae infection at least as well as previously identified host risk factors. We also demonstrate an association between gut microbiota structure, contact age, and susceptibility. Last, we describe an experimentally validated interaction between Paracoccus aminovorans and V. cholerae that was predicted by our modeling framework. Our results illustrate a role for gut microbiota in predicting V. cholerae susceptibility in humans.
MATERIALS AND METHODS

Sample Collection, Classification of Outcomes, and 16S rRNA Analysis
We enrolled households with an index cholera case hospitalized at the International Centre for Diarrhoeal Disease Research, Bangladesh (icddr,b). We included index cases with a stool culture positive for V. cholerae O1 as the sole pathogen. We enrolled household contacts within 6 hours of presentation of the index case; households were located in informal urban settlements with limited access to clean water and sanitation. We excluded individuals aged <2 or >60 years, those who resided outside Dhaka, and those with comorbid conditions. We collected demographic information from and characterized the blood group of all contacts, obtained rectal swab specimens for V. cholerae culture and 16S sequencing, measured vibriocidal titers, and took symptom histories over 30 days of follow-up ( Figure 1 ). Contacts were considered infected if any rectal swab culture during the observation period was positive for V. cholerae or if they experienced diarrhea (defined as ≥3 loose stools over 24 hours) and developed a 4-fold increase in vibriocidal titer [2, 3] . We profiled the gut microbiota from rectal swab samples by extracting DNA, amplifying for the V4 region of the 16S ribosomal RNA, and sequencing the gene library by using Illumina MiSeq. Sequences were filtered for quality, reassigned to the sample of origin, clustered into operational taxonomic units (OTUs) at 97% similarity by using UCLUST via QIIME, and then assigned a taxonomy by mapping against Greengenes 16S reference database [18] . Further information on cohort enrollment, computational scripts, and microbiological and serological assays are described in the Supplementary Methods. Nucleotide sequences are available from the European Nucleotide Archive under accession number PRJEB17860. The study was approved by the Ethical Review Committee of the icddr,b and the institutional review boards of Massachusetts General Hospital and the Duke University Health System. Participants or their guardians provided written informed consent.
Predictive Statistical Modeling of Outcomes
We used multivariate logistic regression to evaluate the clinical and epidemiologic host factors known to influence susceptibility to cholera (Stata, College Station, TX). Models were constructed using scikit-learn 0.17 in Python. In the hold-out model, we partitioned the data into a training set of 48 samples and a testing set of 28 samples. We used a support vector machine (SVM) model that learned patterns of relative abundance of OTUs and distinguished infected from uninfected contacts. We coupled the SVM to a recursive feature elimination (RFE) algorithm, which simplifies models and increases accuracy by removing uninformative bacterial taxa [19] . For the Study design for prospective observation of household contacts of patients with cholera. Index cases were hospitalized on day 1 with symptomatic Vibrio cholerae O1 infection, and their household contacts were enrolled on day 2. Daily clinical assessments and rectal swab sampling of household contacts for V. cholerae culture were conducted during the observation period on days 2-10 and day 30. On the day of enrollment, day 7, and day 30, vibriocidal antibody titers were measured, and rectal swab specimens for 16S ribosomal RNA (rRNA) gene sequencing were obtained. combined model, an SVM was applied to age, blood group O status, vibriocidal antibody titer, and the OTUs selected by the microbiota-based model. We followed an identical procedure in the cross-validation model, using 30 replicates of 10-fold cross-validation.
Spent Supernatant Culture Experiments
Spent culture supernatant (SCS) of P. aminovorans, Vibrio harveyi, and V. cholerae was obtained by culturing in Luria-Bertani broth to an optical density of 1.5 and then removing cells by centrifugation and filter sterilization (pore diameter, 0.22 μm; Millipore). A total of 50 μL of overnight V. cholerae culture was inoculated into 4 mL of P. aminovorans SCS, V. harveyi SCS, V. cholerae SCS, and fresh broth and cultured overnight. Growth of V. cholerae was measured using spectrophotometry and colony counts. All experiments were conducted in replicates of 5 and replicated in brain heart infusion medium and minimal medium. Blautia obeum, Prevotella buccalis, Bacteroides ovatus, and Bacteroides uniformis were grown using an anaerobic environment (5% H 2 and 10% CO 2 balanced with N 2 ) in a vinyl anaerobic chamber (Coy Products) at 37°C. SCS from the stationary phase of growth in Gifu broth (Gibco) was used to conduct identical V. cholerae growth experiments as described above, using anaerobically cultured V. cholerae and fresh broth as controls. Further information on bacterial strains, controls, media, and experimental validation are listed in the Supplementary Methods. GraphPad Prism 7 (GraphPad Software) was used for analysis.
RESULTS
V. cholerae Infection in Household Contacts of Patients With Cholera
We prospectively evaluated 124 contacts in 66 households that included an index patient with cholera. Contacts were enrolled in 2 temporal cohorts (February 2012-December 2012 and February 2013-May 2014). No cholera cases were enrolled in January 2013, during the season of low cholera incidence. We excluded 48 contacts with missing data; with microbiologic, genomic, or clinical evidence of V. cholerae infection upon enrollment; or with recent antibiotic use (Supplementary Methods).
A total of 76 contacts formed our cohort for predicting cholera susceptibility. Of these, 22 (29%) developed V. cholerae infection during the follow-up period, and 54 (71%) were uninfected ( Table 1 ). The average age of contacts was 26 years (range, 4-60 years), and 63% (48 of 76) were women. Additional demographic characteristics are listed in Supplementary Table 1 . Of the 22 infected contacts, 10 were symptomatic, and 12 were asymptomatic. Symptomatic cholera led to significant changes in gut microbial community structure that persisted through the 30-day follow-up period, as we have previously observed (Supplementary Figure 1) [18] . However, beta-diversity patterns indicate that OTUs that were lost or gained in the course of infection were compensated for by shifts in the abundance of related taxa. These changes suggest modest resilience of the human gut microbiota in response to cholera-associated diarrhea.
We created a multivariate logistic regression model, using the known clinical and epidemiological risk factors for cholera in our cohort, to serve as a comparator for the microbial predictive models (Table 1) . This logistic regression model did not yield statistically significant results, likely owing to the small sample size; however, the trends that we identified are consistent with findings from several larger cohorts [3, 6] , which have identified younger age, lower vibriocidal titer, and blood group O status as predictors of cholera among household contacts.
Development of Machine Learning Model
We first tested whether microbiota-based models established solely on gut community composition or specific OTUs could predict cholera susceptibility. Univariate statistical testing showed that none of 4181 unique OTUs in the cohort was individually associated with susceptibility (based on findings of a false-discovery rate [FDR]-corrected 2-sided Mann-Whitney U test). V. cholerae infection status was not associated with differences in alpha diversity, as measured by species richness, Shannon index, or evenness across time or infection status (P > .05, by a 2-sided Mann-Whitney U test), at baseline and over the 30-day follow up period. Alpha-diversity metrics also did not differ between contacts with symptomatic infection and those with asymptomatic infection. Principal coordinate analysis and permutational multivariate analysis of variance (ANOVA) of gut microbiota, performed using all 4181 OTUs, showed no qualitative distinction in community structure between infected contacts and uninfected contacts. These findings indicate that simple microbiota-based models were unable to predict cholera susceptibility. In contrast to our findings with simple microbiota-based models, we found that a machine learning model successfully predicted cholera susceptibility when applied to the microbiota data (Figure 2A ). We used a hold-out approach that took advantage of the recruitment of study households during 2 distinct periods. The model was trained using contacts recruited during the first period (36 uninfected contacts and 12 infected contacts, recruited during February 2012-December 2012). We then tested the model on the second set of contacts recruited later, using the same protocol (18 uninfected contacts and 10 infected contacts, recruited during February 2013-May 2014). In this approach, we considered the second temporal cohort as an independent validation of the first. Receiver operating characteristic curves showed that the SVM-RFE model built with microbiota data accurately predicted the clinical outcome among contacts ( Figure 2A ) and outperformed SVM-RFE models built with clinical and epidemiologic risk factors alone (area under the curve [AUC] = 0.80; P < .01). The optimal microbiota model used only 143 OTUs of the full set of 4181 input OTUs. A combined model using both microbiota and clinical data did not lead to improved performance (P > .05, by a 2-sided MannWhitney U test on the distribution of AUCs).
We performed additional testing to evaluate whether predictive performance could be generalized to other groupings of the contacts or model formulations. Performance of the microbiota model was not reliant on inclusion of young children, who are most susceptible to cholera, as it remained predictive even after exclusion of contacts aged <10 years (AUC = 0.87; P < .01). We next tried constructing the SVM-RFE model by using random separations of household contacts into training (90% of samples) and testing (10% of samples) sets. Using this cross-validation scheme, the SVM-RFE model again accurately classified contacts by clinical outcome ( Figure 2B) . A limited set of 88 OTUs was required in the optimal cross-validation model. The performance of the SVM-RFE model deteriorated below that of the clinical and epidemiological model with the inclusion of fewer (≤26) or more (≥500) OTUs. This likely occurred because the inclusion of OTUs unrelated to cholera susceptibility degrades model performance [20] , while the inclusion of too few predictive OTUs cannot account for variation between contacts [21] . An SVM-RFE model constructed using only the presence or absence of OTUs predicted cholera susceptibility (AUC = 0.71; P < .01), as did models built using variations of the classification algorithm (Supplementary Figure 2) .
Characteristics of Predictive Bacterial Taxa
To learn more about specific bacterial taxa that influenced susceptibility to V. cholerae infection, we investigated the characteristics of the subset of gut microbes selected by our SVM-RFE algorithm. The optimal number of OTUs selected by our cross-validation model was 88; to account for possible inaccuracies when identifying taxa, we selected a slightly larger setthe top 100 OTUs-and built an SVM-RFE model using the full cohort of 76 contacts. We term these 100 OTUs the "predictive A, Hold-out models were trained on an initial set of 48 household contacts and tested on a set of 28 household contacts recruited at a later date. Model goodness was assessed using area under the curve (AUC) scores. We evaluated models built using clinical and epidemiological factors (clinical, AUC = 0.60; P = not significant), relative abundance of operational taxonomic units (OTUs; Microbiota, AUC = 0.80; P < .01), or a combination of these data types (combined, AUC = 0.81; P < .01). P values were computed with permutation tests. B, The same set of models was tested using a cross-validation scheme, in which contacts were repeatedly split into training and testing sets. AUCs are shown as a function of OTUs included in the model. Bold lines represent the mean cross-validated AUC, and shaded bands represent the standard error of the mean. Microbiota-based model reached maximum performance at 88 OTUs (AUC = 0.74; P < .01). The dashed gray lines indicate the theoretical performance of a model randomly guessing contact susceptibility. FPR, false-positive rate; TPR, true-positive rate.
gut microbiota" (Supplementary Table 2 ). Principal coordinate analysis based on the predictive gut microbiota demonstrated distinct community structures in the infected and uninfected contacts (Supplementary Figure 3) . Taxa from the predictive gut microbiota could be split into 2 groups based on whether their model coefficients were positive (ie, associated with being infected) or negative (ie, associated with being uninfected). At the individual taxonomic level, the 2 groups showed differences in mean relative abundances and prevalence between the infected and uninfected contacts (Figure 3, Supplementary Figure 4 , and Supplementary Table 2) , and univariate logistic regression also showed statistically significant effect sizes for some of the top predictive OTUs (Supplementary Table 2) . Members of the Bacteroidetes phylum were particularly enriched among taxa associated with being uninfected (P < .05, by a FDR-corrected binomial test) and consisted primarily of OTUs from the genus Prevotella, which are commonly observed in the human gut microbiota in healthy Bangladeshis [18] . Several taxa, including those from the genera Blautia and Ruminococcus, were present among OTUs associated with being infected or with being uninfected (Figure 3) . Last, 3 infection-associated taxa belonged to the genus Streptococcus, which we previously found to be enriched in the gut microbiota of symptomatic patients with cholera [18] .
Prevotella copri [180825]
[333042] Members of the Bacteroidetes phylum (green) were overrepresented among predictive gut microbiota (P < .05, by a false-discovery rate-corrected binomial test), members of the genus Streptococcus (red) have previously been associated with early stages of cholera [18] , and members of the genera Blautia/Ruminococcus (highlighted in blue) have been previously associated with protection from Vibrio cholerae in mice [16] .
Relationship Between Gut Microbiota Structure and Age
We next tested for links between the predictive gut microbiota and previously identified risk factors for cholera. At the community level, older individuals had greater gut microbiota richness (Spearman rho = 0.26; P ≤ .05), and the predictive gut microbiota was associated with age (R 2 = 0.024; P < .05, by permutational multivariate ANOVA). At the individual taxonomic level, 2 predictive OTUs (members of the genus Clostridium and the family Lachnospiraceae) were enriched in younger contacts (P < .05, by a FDR-corrected 2-sided Mann-Whitney U test; Supplementary Table 3) , and 4 clusters of predictive OTUs were significantly associated with age (P < .05, by a FDR-corrected 2-sided Mann-Whitney U test; Supplementary Table 3) . Additionally, an SVM-RFE model that included both microbiota and age (AUC = 0.75; P < .01, by a classification permutation test) ultimately discarded age as a model feature, suggesting that gut microbial communities and age encode redundant information.
Association Between Microbes of Interest and V. cholerae In Vitro
We performed in vitro experiments, using several members of the predictive taxa ( Figure 3 ) and a second group of taxa identified in a preliminary model of subjects recruited during the first enrollment period (Supplementary Table 4 ). This preliminary model included subjects with evidence of V. cholerae infection at enrollment, distinct from the models identifying the predictive taxa. We focused on organisms for which acquisition of a representative isolate was possible. SCS from predictive taxa, including B. obeum, B. ovatus, B. uniformis, and P. buccalis (closely related to the predictive taxa Prevotella copri), was not found to influence V. cholerae growth or biofilm production.
V. cholerae growth was significantly increased when inoculated into P. aminovorans SCS in nutrient-rich medium but not in minimal medium (Figure 4A and B; P < .001, by a 2-sided Mann-Whitney U test). Because we noted bacterial agglutination during the V. cholerae and P. aminovorans coculture, we hypothesized that V. cholerae biofilm production may be stimulated by P. aminovorans SCS. To evaluate this, we measured biofilm production in the setting of P. aminovorans SCS by wild-type V. cholerae and a V. cholerae strain with an in-frame deletion in vpsA (Vibrio polysaccharide A) [22, 23] . There was no difference between biofilm production of V. cholerae in the presence of P. aminovorans SCS.
DISCUSSION
More than 1 billion people are at risk of cholera, and cholera has become more geographically widespread in recent years. An improved understanding of susceptibility will support the design of better prevention strategies for cholera. Here, we used a prospective human study to show that the gut microbiota is associated with susceptibility to V. cholerae infection. This is consistent with the emerging understanding that the gut microbiome is an active determinant of outcomes after pathogen exposure [11] [12] [13] [14] . Our models found cholera susceptibility to be characterized by depletion of bacteria normally found in healthy individuals. Members of the phylum Bacteroidetes, including 10 OTUs from the genus Prevotella, were among the taxa that our machine learning models identified in uninfected household contacts. Prevotella has been shown to dominate the gut microbiota of healthy individuals in developing countries [18, 24] . These A B 2.5 P < .001 findings support the hypothesis that resident microbes may resist V. cholerae infection [16] . Some bacterial taxa identified within our predictive microbiota were surprising. For instance, we observed that members of the Enterobacteriaceae taxa were encountered in both uninfected and infected contacts. Other reports have determined that this family is enriched during enteric infection and have suggested that gut bacteria are more likely to enable colonization of phylogenetically related organisms; we therefore anticipated that this family might be more common in infected household contacts [18, 25] . Additionally, several taxa of the genus Blautia and Ruminococcus were present among OTUs associated with both the infected and uninfected contacts. A recent in vitro study found that B. obeum can inhibit V. cholerae virulence [16] . These discordant observations may be due to functional heterogeneity between bacterial OTUs within the same genus. Indeed, model performance degraded when we classified cholera outcomes using data from the species or genus levels; this has been noted previously in microbiota studies that used machine learning tools [26] .
We confirmed the biological validity of our machine learning model of cholera susceptibility through study of P. aminovorans, a bacterial species identified in the microbiota of infected household contacts. P. aminovorans has previously been reported to be abundant in the skin microbiota of individuals with rash associated with Haemophilus ducreyi infection [27, 28] . We observed that exposure to P. aminovorans SCS increased growth of V. cholerae in nutrient-rich medium but not in nutrient-poor medium. This suggests that metabolites made by P. aminovorans in the nutrient-rich environment may provide a substrate for V. cholerae growth. Other commensal bacteria have been shown to facilitate pathogen growth in mice through metabolite generation or through reduction of reactive oxygen species [29] .
In addition to directly influencing V. cholerae pathogenesis, predictive taxa identified by our models may also reflect physiological determinants of cholera susceptibility. Older age and preexisting immunity to V. cholerae are well-known protective factors for cholera [2, 6] . Recent studies suggest that gut microbes may serve as a sensitive biomarker of host maturity, including in Bangladeshi infants [30] . Here, we observed that the gut microbiota in our cohort varied with age, demonstrating both alpha-and beta-diversity differences. In addition, 4 OTUs from our predictive gut microbiota (Dialister succinatiphilus, Prevotella copri, Ruminococcus gnavus, and Weissella cibaria) were previously shown to change during childhood among Bangladeshi youth [31] . Last, our machine learning results suggest that age and microbiota data encode similar information regarding outcomes of V. cholerae exposure. These findings together support the concept that the gut microbiota reflects the developmental status of individuals in our cohort. More broadly, our results are consistent with the model that gastrointestinal maturity influences susceptibility to enteric diseases like cholera.
Our study has limitations. We assessed rectal swab samples that likely represent microbiota from the lumen of the large intestine. The composition of these rectal swab samples may differ from the microbes that live on or near the gut mucosa [32] . Furthermore, after ingestion and passage through the stomach, V. cholerae adheres to the small intestine, and this is where V. cholerae is immunologically and metabolically active [33, 34] . The small intestine has a lower pH and higher oxygen tension and harbors a gut microbiota structure distinct from that of the colon. Our study also does not establish a causal relationship between the gut microbiota and in vivo V. cholerae susceptibility. The P. aminovorans used in our experiments was an ATCC strain, and the genomic relatedness between our tested strain and ones from Bangladeshi study participants is not known. Future work could isolate strains from patients with cholera, as well as test the influence of these taxa on V. cholerae in multispecies interaction experiments, which likely better resemble conditions involving gut microbial communities. The predictive microbiota we identified could also be a marker for another factor responsible for increased susceptibility to V. cholerae, such as a nutritional deficiency, environmental enteropathy, or surreptitious antibiotic use, which is common in Bangladesh [35] .
Ultimately, our results suggest that future studies to understand host factors responsible for V. cholerae susceptibility should include assessment of the gut microbiota. The most widely used oral cholera vaccine, Shanchol, generates varying levels of protection between infants, children, and adults; the gut microbiota may be a contributing factor to this observed variation [36, 37] . This hypothesis is supported by a recent observational study of live oral rotavirus vaccines in Ghanaian infants, in which gut microbial profiles correlated with differences in vaccine immunogenicity [38] . Our findings therefore suggest that consideration should be given to the inclusion of gut microbiota data in cholera vaccine efficacy trials. New strategies to protect vulnerable populations from enteric diseases are needed, and our findings suggest that a focus on protective features of the host microbiota could be fruitful.
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